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Abstract— The hedonic attributes of cutaneous elicitation
play a crucial role in everyday life, influencing our behavior and
psychophysical state. However, the correlation between such a
hedonic aspect of touch and the Autonomic Nervous System
(ANS)-related physiological response, which is intimately con-
nected to emotions, still needs to be deeply investigated. This
study reports on caress-like stimuli conveyed to the forearm
of 32 healthy subjects through different fabrics actuated by
a haptic device, which can control both the strength (i.e. the
normal force exerted by the fabric) and the velocity of the
elicitation. The mimicked caresses were elicited with a fixed
force of 6 N, two levels of velocity of 9.4 mm/sec and 65
mm/sec, and four different fabrics with different textures:
burlap, hemp, velvet and silk. Participants were asked to score
the caress-like stimuli in terms of arousal and valence through
a self-assessment questionnaire. Heartbeat data related to the
perceived most pleasant (silk) and unpleasant (burlap) fabrics
were used as an input to an automatic pattern recognition
procedure. Accordingly, considering gender differences, support
vector machines using features extracted from linear and
nonlinear heartbeat dynamics showed a recognition accuracy of
84.38% (men) and 78.13% (women) while discerning between
burlap and silk elicitations at the higher velocity. Results suggest
that the fabrics used for the caress-like stimulation significantly
affect the nonlinear cardiovascular dynamics, also showing
differences according to gender.
I. INTRODUCTION
Hedonic touch refers to pleasant sensorial experiences,
which can be related to physical parameters of the stimulus
such as velocity and texture [1], [2]. In addition, previous
studies demonstrated that the psycho-physical properties
of hedonic touch can be assessed through subjects’ self-
assessment scores, expressed in terms of arousal and valence
of the elicitation [1]–[5]. Specifically, Essick et al investi-
gated how the ratings of pleasantness were influenced by
stimulation velocities, materials and stimulated areas [1].
Velvet was considered the most pleasant fabric, in particular
when the stimulation was elicited on the forearm and at
the lowest velocity. In a later study, they evaluated the
impact of gender difference in the estimation of hedonic
touch, when it was elicited through pleasant fabrics (cupro
and velvet) and rough materials (denim and burlap) [6].
The ratings provided by women and men resulted to be
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different especially when the stimulation was carried out
with more unpleasant materials. The authors attributed this
result to the higher contact friction of the female arm, due
to the less amount of hair. Lo¨ken et al. studied pleasantness
during a soft brush stroking experiment, conveyed to the
left forearm [2]. They suggested the range of velocities 1-
10 cm/s as the most pleasant, in terms of scores provided
by the subjects and of physiological response measured
through single unit microneurography. This latter technique
exhibited an increase of the mean firing frequency during the
stimulation in this range.
A comprehensive research about touch stimulation with
various materials, including self-assessments of valence and
physiological response recordings was conducted by Rolls et
al. through functional Magnetic Resonance Imaging (fMRI)
[5]. They used velvet, wooden dowel and a pointed stylus
and the stimulation was conveyed to the palm of the hand.
By analyzing the ratings of valence, they demonstrated that it
was possible to recognize the velvet as pleasant, the wooden
dowel as neutral, and the pointed stylus as unpleasant.
Results of the fMRI analysis highlighted a significant acti-
vation (deactivation) of the contralateral somatosensory area
during the neutral (unpleasant) stimulation, and an activation
of the contralateral orbitofrontal cortex during the pleasant
elicitation [5]. fMRI was also employed for the analysis of
the brain response to pleasant touch performed using silk
fabric on different areas: glabrous skin, palm of the hand
and forearm hairy skin [7]. The somatosensory cortical areas
were more activated during the stimulation of the forearm,
and the authors suggested that touch was related to a more
emotional sensation when it was practiced on the hairy skin.
Nevertheless, physiological correlates of cardiovascular
dynamics during pleasant touch are not completely under-
stood yet. In a previous endeavor [8], we investigated linear
and nonlinear heartbeat dynamics during affective, caress-
like stimuli administered at different velocities. We found
that caress-like stimuli significantly affected HRV nonlinear
dynamics with a highly specific gender dependency [8]. In
this study, we made a step further by assessing linear and
nonlinear HRV dynamics using four different fabrics for elic-
itation, namely silk, velvet, hemp and burlap. Hypothesizing
that each fabric could be perceived with different valence
(pleasant/unpleasant) levels, we studied the effect of two
caressing velocities aiming at devising an automatic classifi-
cation algorithm for fabrics (pleasantness) recognition using
heartbeat dynamics exclusively. This was performed through
a pattern recognition algorithm validated using a Leave-
One-Subjects-Out procedure, whose details are reported in
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Section II. Importantly, the main objective of this study
aimed at an objective assessment of emotional perception
using affective haptic stimuli. Consequently, this outcome
may impact on current subjective assessment procedures used
in experimental psychology and psycho-physiology, may be
involving patients affected by affective/mental disorders.
II. MATERIALS AND METHODS
A. Subjects Recruitment, Experimental protocol and Acqui-
sition set-up
Thirty-two right-handed healthy participants, aged 27+/-
2 (16 males), took part in the experiment. The study was
approved by the Ethical Committee of the University of
Pisa. Participants comfortably sat down and wore earplugs
throughout the protocol in order to prevent any auditory
cues. The stimulation was conveyed through a haptic device
purposely designed to delivery caress-like stimuli (see Fig.1)
[8]–[11]. Four different rectangular-shaped fabrics were used
to convey haptic stimulation: i.e. burlap, hemp, velvet and
silk. The extremities of the fabrics were connected to two
rolls controlled by a motor. The stretch of the fabric (i.e.,
the force of the caress) and velocity of the stimulation was
controlled by an electronic board. In this experiment, for each
fabric, we selected a contact-force of 6 N and two levels of
caress velocity i.e., 9.4 mm/sec and 65 mm/sec, in order to
have 8 different stimulations.
Fig. 1. An overview of the haptic system worn by one of the participants
during the experimental tests.
The protocol timeline consisted in an initial resting state
session of 3 min followed by an elicitation session lasting
about 20 min, where 8 different stimuli randomized among
subjects, and a final rest of 2 min. Each stimulus was
administered with a pre-stimulus and a post-stimulus interval
sessions of 35 seconds. After each post-stimulus session,
during a further 20 sec session, participants were asked to
report the sensation evoked by the stimulus, in terms of
arousal and valence, according to the Circumplex Model
of Affects (CMA) [12]. In order to quantify these affective
dimensions, a graphic system, known as Self-Assessment
Manikin (SAM) [13], was proposed. Stimuli were scored
choosing among five levels of arousal (from 1 to 5), i.e.
the intensity degree of perception, and between five levels
of valence (from -2 to 2), i.e. the pleasantness degree of
perception.
During the experimental protocol the ECG was continu-
ously acquired by means of a dedicate hardware module,
i.e. the ECG100C Electrocardiogram (ECG) Amplifier from
BIOPAC inc. with a sampling rate of 500 Hz, and following
the Einthoven triangle configuration. The ECG signals were
used to obtain the RR series, i.e., the series of the time
intervals between two consecutive R-peaks.
B. Methodology of Signal Processing
The recognition process consisted of two parts:
• the extraction of the (standard and nonlinear) features
from RR series
• the pattern recognition, by means of a LOSO procedure
(see details in II-B) in order to classify the two fabrics
used for haptic elicitation.
Feature extraction: In this work, our goal was to investi-
gate the physiological effect of haptic caress-like stimuli on
the ANS. To achieve this goal, we analyzed the RR series
extracted by ECG signals acquired during the pre-stimulus
and post-stimulus sessions of 35 seconds. On RR series, we
performed standard analysis that refers to the extraction of
parameters defined in the time and frequency domain [14].
Concerning the time domain analysis, for each RR time
series, we considered the following parameters: the mean
value (RR mean), the standard deviation (RR std), the
root mean square of successive RR interval differences
(RMSSD=
√
1
N−1
∑N−1
j=1 (RRj+1 −RRj)2, where N is the
total samples of the RR series), and the integral of the
probability density distribution (i.e., the number of all RR
intervals) divided by the maximum of the probability density
distribution (Heart Rate Variability triangular index).
We also calculated several features in the frequency do-
main from the power spectral density analysis. We consid-
ered the three main bands for the analysis of ECG signals,
i.e.: VLF (very low frequency) with spectral components
below 0.04 Hz; LF (low frequency), ranging between 0.04
and 0.15 Hz; HF (high frequency), including frequencies
between 0.15 to 0.4 Hz. For each of the three frequency
bands, we computed the following features: the frequencies
having maximum magnitude (VLF peak, LF peak, and HF
peak), the power calculated within the VLF, LF, and HF
bands (LF power, HF power, VLF power), the LF/HF power
ratio, the power expressed as percentage of the total power
(VLF power %, LF power %, and HF power %), the power
in LF and HF bands normalized to the sum of the LF and
HF power (LF power nu and HF power nu).
Furthermore, we also considered nonlinear indices extracted
relying on two methods: Symbolic Analysis and the Lagged
Poincare´ Plot (LPP) [14]–[16]. The LPP is a graph (scatter-
plot of RR intervals) where each RRn interval is mapped
as a function of the successive RRn+M , where M is the
lag, i.e. the distance in samples between the investigated RR
intervals that, in our study, belongs to the range 1 ≤M ≤ 10
[15], [17], [18]. From this graph, the following features can
be extracted: the standard deviation of the points in the
direction perpendicular to the line-of-identity RRn+M =
RRn (SD1); the standard deviation of the points along the
identity line (SD2); the ratio between SD1 and SD2 (SD12)
and the area of an imaginary ellipse with axes SD1 and SD2
(S = pi · SD1 · SD2). We calculated also the area under
the curve (AUC) for two intervals of lags, 1 ≤ M < 5 and
5 ≤ M ≤ 10, and the ratio between these values and the
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total area for the range 1 ≤ M ≤ 10 [8]. We chose the
threshold value of M=5, because, since the average value of
duration of RR intervals for healthy subjects was about one
second, this enables to investigate the correlations in the low
frequency band. For the Symbolic Analysis of the RR series,
according to the specific literature [16], [19], each series was
divided in six levels of amplitude and a numeric symbol
(from 0 to 5) was assigned to each data sample according
to the amplitude level of belonging. In this way, data were
converted in symbolic series and we investigated the trend
of patterns constituted by three consecutive symbols. The
patterns of three symbols were divided into five classes:
0V%, patterns with no variations, where all symbols were
equal; 1V%, patterns with one variation in the amplitude
level of belonging; 2V%, patterns with two variations; 3V%,
patterns with three variations.
Pattern Recognition Analysis: For each stimulus, we eval-
uated the differences between the feature values in pre- and
post-stimulation sessions. We applied a Leave-One-Subjects-
Out (LOSO) procedure [20] to cross-validate results from nu-
Support Vector Machine (SVM) algorithm having nu = 0.5
and a radial basis kernel function with γ parameter equal
to the number of features. For each iteration of the LOSO
procedure, the first two components calculated through the
Principal Component Analysis were taken as an input of the
SVM.
III. EXPERIMENTAL RESULTS
The results can be summarized in two basic stages: the
statistical analysis of self-assessment arousal and valence
scores and the pattern recognition.
A. Statistical analysis of arousal and valence ratings
We applied the non-parametric Friedman test on the scores
provided by participants in terms of valence and arousal, in
order to check the differences in pleasantness and intensity of
the evoked sensations. We employed the nonparametric tests
because data distributions were non-Gaussian (p < 0.05 from
Kolmogorov-Smirnov tests with null hypothesis of Gaussian
data). We evaluated the results of the statistical analysis for
the two caressing velocities 9.4 mm/sec and 65 mm/sec.
In Fig.2 we report the results of the statistical tests. Inter-
estingly, the arousal dimension does not exhibit significant
differences between fabrics. On the valence dimension, it
is worth to note that burlap and silk can be discriminated
based on the ratings provided by subjects for both stimulation
velocities. Burlap was judged as the least pleasant fabric,
while silk as the most pleasant one: this difference was
particularly appreciable at faster stimuli. According to these
results, we chose to apply the algorithm for automatic pattern
recognition on the dataset of features extracted from burlap
and silk stimulation, trying to discriminate the two different
physiological responses.
B. Pattern recognition results
We applied the LOSO procedure described in Section II to
the data of group of subjects as a whole, and then re-applied
the procedure by splitting subjects according to gender. In
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Fig. 2. Post-hoc Bonferroni-corrected pair-wise comparisons of the arousal
(fig. A and B) and valence (fig. C and D) scores among the four fabrics.
Asterisks indicates statistically significant comparisons: (∗ : p < 0.05; ∗∗ :
p < 0.01; ∗ ∗ ∗ : p < 0.001).
TABLE I
CONFUSION MATRICES OF SVM CLASSIFIER FOR FABRIC RECOGNITION
BASED ON ALL-SUBJECT-, MALE- AND FEMALE-FEATURE SETS
Burlap vs. Silk classification
V1=9.4 mm/sec V2=65 mm/sec
All subj. Burlap Silk All subj. Burlap Silk
Burlap 65.62 34.37 Burlap 62.50 37.50
Silk 34.37 65.62 Silk 28.12 71.87
Males Burlap Silk Males Burlap Silk
Burlap 75.00 25.00 Burlap 81.25 18.75
Silk 25.00 75.00 Silk 12.50 87.50
Females Burlap Silk Females Burlap Silk
Burlap 68.75 31.25 Burlap 87.50 12.50
Silk 18.75 81.25 Silk 31.25 68.75
Table I, the confusion matrices related to the outcomes of
the proposed SVM algorithm are shown for each velocity
and for the three groups of subjects, i.e. all subjects, only
women and only men. When we considered the data for all
of the participants, we could discern cardiovascular dynamics
belonging to the pleasant and unpleasant fabrics (i.e., silk and
burlap) with an accuracy of 65.63% for the lowest velocity
and of 67.19% for the fastest velocity of caressing. When
we took into account gender information, results significantly
improved, achieving an accuracy of 75% for both genders for
the slower caressing stimuli, and of 84.38% and 78.13% for
men and women, respectively, when the velocity was higher.
This suggests an important role played by gender factor in
the healthy (young adults) emotional perception that can be
evoked by this kind of affective haptic stimuli.
IV. CONCLUSION AND DISCUSSION
In conclusion, we described an experimental procedure to
validate an effective signal processing and pattern classifi-
cation chain to automatically discern gender-specific pleas-
antness perception related to different fabric-based haptic
stimuli. To this aim, we studied linear and nonlinear heartbeat
dynamics during caressing-like stimuli delivered through
four different fabrics: silk, velvet, hemp and burlap. Of
note, the employment of heartbeat dynamics was justified
by the fact that cardiovascular control is performed by ANS
activity, which is intimately related to emotional processing
and perception in humans [21]. Furthermore, we took into
account nonlinear cardiovascular dynamics because a pre-
vious endeavor demonstrated its crucial role in discerning
emotional perception during affective haptic stimuli [8].
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Since the same study highlighted different valence (i.e.,
perceived pleasantness/unpleasantness of the haptic stimulus)
levels associated with caressing stimuli delivered through
haptic devices [8], we here studied the effect of two caressing
velocities for devising the automatic classification algorithm
for fabric recognition.
First, we studied self-assessment scores assigned by the
32 subjects to each kind of caress-like stimulus through a
nonparametric statistical test. We found that burlap and silk
were the only fabrics providing significantly different valence
perceptions for both the caressing velocities. Specifically, silk
was perceived as the most pleasant fabric, whereas burlap
as the most unpleasant one. No significant differences were
found among arousal scores. Therefore, the proposed classifi-
cation algorithms focused on discerning linear and nonlinear
heartbeat dynamics of stimuli performed through silk and
burlap fabrics. Our results suggested a strong relationship be-
tween the valence perception of affective haptic stimuli and
changes in the ANS dynamics as quantified by HRV analysis,
specifically when we split the group of participants according
to gender. In fact, the accuracy of recognition remarkably
increased when performing gender-specific classifications,
reaching an accuracy of 84.38% for men and of 78.13% for
women. This specificity is in agreement with previous studies
[8], [22], also linking brain and autonomic physiological
responses to hedonic touch [8], [23], [24], and suggest that
haptic properties like texture should be taken into account in
studies dealing with affective haptics. Further investigation
on heartbeat nonlinear dynamics [25]–[27] associated with
affective touch will be performed.
Importantly, outcomes of this study may constitute the
basic knowledge for the study of affective and mental dis-
orders. It is well-known, in fact, that there is a strong need
of defining quantitative measures in the field of experimental
psychology and psycho-pathophysiology. Additionally, from
an technical point of view, our results could be profitably ex-
ploited to design gender-specific haptic systems, maximizing
the effectiveness in stimulus rendering as well as acceptance,
e.g., in robot-assisted rehabilitative procedures.
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